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Purpose: With the advent of COVID-19, dynamic hand movement recognition is getting important in the
hospital. In order to reduce the risk of contact infection, we develop a gesture recognition system for the
electronic nursing whiteboard.

Methods: For better efficiency and accuracy, the system adopts MediaPipe technology to capture the hand
features of the image and collects the 21 key points of the hand; hence, we establish the dataset of their
corresponding 21 key points of the original images. For gesture recognition, we propose a dual-stream model
for deep learning: one stream is constructed from one 3DCNN (3D Convolutional Neural Networks) model
followed by three ConvLSTM (Convolutional Long short-term memory) models, simply abbreviated as
3DCNN-ConvLSTM, and the other is constructed from three LSTM models, simply abbreviated as LSTM.
For convenience, the dual-stream model is simply abbreviated as 3DCNN-ConvLSTM+LSTM. For training,
the reconstructed hand images from the dataset of all 21 key points are input into the first-stream model
3DCNN-ConvLSTM; the original 21 key points of each corresponding hand image are input into the second-
stream model LSTM, and the different features of the two models are merged through multi-layer fusion
technology to train the dual-stream model.

Results: For the original 3DCNN-ConvLSTM model, the accuracy performed on the grayscale images is
57.5%; for the 3DCNN-ConvLSTM model, an improved version of the original 3DCNN-ConvLSTM model,
the accuracy performed on the reconstructed hand images is promoted to 95%. Furthermore, the dual-stream
model 3DCNN-ConvLSTM+LSTM has a higher accuracy of 97.5% and obtains a quicker and smoother
convergence. In addition, the dual-stream model has raised the transmission rate by 146 times plus.
Conclusions: Our proposed model not only raises the accuracy from 57.5% up to 97.5%, but it also needs
a tiny fraction of the original transmission time, lower than 0.685%.
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has advanced, and some related models, such as
3DCNN (3D Convolutional Neural Networks) [1-2]
and LSTM (Long short-term memory) [3], have
also been proposed. However, they are generally
in the research stage; the trained model is seldom
implemented for practical use, especially in the
hospital. Before the COVID-19 pandemic, the
hospital implements disinfection regularly; during
the COVID-19 pandemic, all places possibly touched
by hands have to be disinfected often.

As the hospital is gradually becoming more
intelligent, many touch devices, such as electronic
whiteboards, have been consecutively introduced.
Under the use of different physicians and nurses,
the risk of cross-infection is getting higher and
higher. However, it isn’t easy to perform timely
disinfection on such electronic devices. In addition,
some large-scale electronic whiteboards are too high
for many doctors and nurses to touch. Therefore,
many new devices were introduced, but seldom and
even not used; these problems indirectly hinder the
development of smart hospitals.

As we know, all operations must be performed
under disinfection. When surgeons and nurses need
to use computers and other devices, the risk of the
operation is raised and its inconvenience is produced.
In order to solve these problems, we develop a
gesture recognition system based on a dual-stream
model for deep learning. In the system, we use
only an ordinary camera lens and a gesture control
mechanism to replace the original touch control
system, and therefore, no touch is necessary. It is
hoped that the system can not only reduce the risk of
cross-infection in the hospital and but also make the
operation smooth. Since only an ordinary camera lens
is needed, the proposed system largely reduces the
demanding hardware cost and provides a more user-
friendly operating environment.

In order to lower the background noise of the
system and promote its transmission rate, we adopt
MediaPipe technology [4] to capture the features of
the hand image and collect the 21 key points of the
hand. Through the 21 key points of the hand, we can
reconstruct its corresponding hand skeleton image.

In order to detect and classify dynamic hand
gestures from multi-modal data, Molchanov et al.
[5] proposed an online detection and classification

system, called a recurrent 3DCNN.

Zhang et al. [6] first proposed the original 3DCNN-
ConvLSTM model, a combination of 3DCNN and
ConvLSTM, which can learn 2D spatiotemporal
feature maps. The learnt 2D feature maps can further
be encoded into the global temporal features and
local spatial features. In the paper, we will adopt
an appropriately improved version of the original
3DCNN-ConvLSTM model [6] to learn spatiotemporal
features for capturing gesture recognition.

For gesture recognition, Al-Hammadi et al. [7]
proposed a 3DCNN for sign language recognition.
The input of the 3DCNN model is a series of RGB
images captured from an ordinary camera. For
better performance, in the paper, we will use the
reconstructed hand images instead of RGB images as
our three-dimensional training set.

In order to capture the spatial and temporal
dependences, Ercolano and Rossi [8] proposed a kind
of CNN-LSTM, CNN followed by LSTM, for daily
life recognition. The CNN-LSTM model can learn the
spatial dependencies between the limbs in a 3D-grid
skeleton representation and also learn the temporal
dependencies between continuous patterns.

Although these papers mentioned above can be
effectively used to identify human activities, there
is still a significant gap between simulation and
application. In order to practically recognize human
activities, especially hand activities, we will apply
the MediaPipe technology [9] to the frontend for
better accuracy and a higher transmission rate. For
better performance, we will add another stream
model, constructed from three LSTM models, simply
abbreviated as LSTM, to strengthen the recognition
effects. Through multi-layer fusion technology [10] for
integrating the advantages of two streams (3DCNN-
ConvLSTM and LSTM), a dual-stream model,
abbreviated as 3DCNN-ConvLSTM+LSTM, will be
proposed in the paper.

The paper is organized as follows. Section 2
introduces the methodology, including the flowchart
of the system as well as the frontend and the backend
components. Experimental results and discussion are
presented in Section 3. Finally, Section 4 concludes
the paper with some facts.

2. Methodology
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In this section, we will introduce our proposed
dual-stream model for deep learning. This model
features two streams or series models; the first-stream
is one 3DCNN model connected in series with three
ConvLSTM models, called the 3SDCNN-ConvLSTM
model, or simply abbreviated as 3DCNN-ConvLSTM
and the other comes from three LSTM models in
series, called the LSTM model, or simply abbreviated
as LSTM. These two streams are then connected in
parallel. The reconstructed images of the hand from
the dataset of all 21 key points are input into the
3DCNN-ConvLSTM model; its original 21 key points
are input into the LSTM model; and then the features
of the two models are fused to train the dual-stream
model, the 3DCNN-ConvLSTM+LSTM model.

2.1. The Flowchart

Our proposed architecture consists of two parts:
the frontend and the backend. The frontend is for data
capture; the backend is a gesture recognition system.
In the frontend, we use HTMLS and JavaScript to
establish a web page; we also use the MediaPipe
package to capture real-time hand images and extracts
the 21 key points of the corresponding hand images;
and finally we transmit them to the backend. In the
backend, our proposed dual-stream model is used to
predict actions, and sends back the prediction results
to the frontend in order to further develop required
functions. The flowchart is shown in Fig. 1.

2.2. The Frontend

In the frontend, we use an ordinary camera
together with MediaPipe technology to capture 21
key points of the hand for gesture recognition. This
architecture allows us to distinguish static images
without transmitting the images to the backend for

judgment, thereby largely reducing the burden of
transmission. Based on the principle of the architecture,
many basic control functions have also been developed
successively.

In the recognition process of dynamic hand
images, a large number of images generally need to be
simultaneously transmitted from the frontend to the
backend for prediction. The image files transmitted to
the backend must be further decoded before they can
be used, but this process requires high computational
costs. For efficiency, the image files transmitted to the
backend were replaced by their corresponding hand
skeleton image files, each image connected by 21
key points of the hand. Therefore, the frontend only
needs to transmit the data of all the corresponding
21 key points instead of the data of all the images to
the backend. For reconstructing each image, we use
its corresponding 21 key points to draw the skeleton
picture of the hand, thereby lowering the expensive
transmission cost and saving the time of decoding
image files.

2.3. The Backend models

Our proposed system for gesture recognition
features two streams or series models combined in
parallel. One series model is one 3DCNN model
followed by three ConvLSTM models, simply
abbreviated as 3DCNN-ConvLSTM, and the other
is three LSTM models in series, simply abbreviated
as LSTM. They serve different purposes and are
introduced in the following subsections.

2.3.1. 3DCNN-ConvLSTM

The 3DCNN-ConvLSTM model is composed of
one 3DCNN model and three ConvLSTM models.
The model integrates the advantages of 3DCNN for
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Fig. 1. Flowchart of our proposed architecture: the frontend for data capture and transmission as well as the backend for our

gesture recognition system.

69



70

3Ix3Ix3, Conv3D, 32

3Ix3x3, Conv3D, 32

MaxPoolingaD
1x2x2,
MaxPooling3D
3Ix3x3, Conv3D, 64

|
3Ix3x3, Conv3D, 64

3Ix3Ix3, ConviD, 16
|

3Ix3x3, ConviD, 16
|
242%2

3Ix3x3, Conv3D, 64

1xZx2,
MaxPooling3D

12x2,
MaxPooling3D

3Ix3x3, Conv3D, 128
3x3x3, Conv3D, 128
3x3x3, Conv3D, 128
3x%3,ConvLSTMZD
3x%3,ConvLSTMZD
3x%3,ConvLSTMZD

‘ GlobalAvcragePooling3D ‘
Dense, 16
Dropout

Fig. 2. Architecture of 3DCNN-ConvLSTM: one 3DCNN model consisting of 10 conv3D models and three Maxpooling3D

models, followed by three ConvLSTM models.

s s ™\ i b
4 ™\ A
—»3DCHNN ConvLSTM ConvLSTM ConvLSTM
\ L A
: Fully 5
L e S I e
g Layer Y (]
=]
o
)
= —»| STM LSTM LSTM »
&
(7]
-ﬂ L & \ r
=
= |
I

Fig. 3. Architecture of our proposed dual-stream model: the first stream is the 3DCNN-convLSTM model (also see Fig. 2); the
second stream is the LSTM model; and then two streams are paralleled together.

well recognizing images and the ability of LSTM for
capturing time-series features. Based on the idea of
3DCNN-ConvLSTM, we establish a suitable model
as our gesture recognition system. In the system, the
size of each input image is 64 x 64; a set of complete
actions are composed of 25 pictures; and finally
we train continuous dynamic images. The model
architecture is shown in Fig. 2.

2.3.2. LSTM

The LSTM model is three LSTM models in series,
and it is used to train the 21 key points of the hand.
Since it is a time series problem to train the 21 key
points of the hand, each set of values enters the model
in a stable and continuous state and hence it is not
necessary to transmit the original image of the hand.
In this work, we use a succession of 25 sets of 21
key points input into the LSTM model as a complete
action, and then carry out the training.

2.3.3. Our Proposed Dual-Stream Model
Since the original 3DCNN-ConvLSTM model [6]

needs much time to train, we, for efficiency, propose
a dual-stream model in the paper, an improved
3DCNN-ConvLSTM model and the LSTM model in
parallel.

Based on the respective advantages of two models,
we use multi-layer fusion technology to integrate the
features of two models in the fully-connected layer
to train the complete model. The architecture of our
proposed model is shown in Fig. 3.

2.4. Modularization

When finishing the training of our proposed
dual-stream model, we implemented modularization
by the flask suite in Python so that more diversified
modules and applications can be proposed in the
future.

3. Experimental settings, results, and discussion

In this section, we first describe the development
environment, and then introduce how to collect
datasets for training and test. Finally, we discuss
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Fig. 4. Dataset: four types of actions; a set of 25 continuous images as a complete action; totally 550 sets in different angles.

the efficiency of the frontend for data transmission
as well as the accuracy of the backend for gesture
recognition.

3.1. Development environment

This work was performed in the same computing
environment. The software was TensorFlow and
python3; the hardware was a CPU processor (Intel
Core 17-9750H) with 24 GB RAM and a GPU
processor (Nvidia GTX1650).

3.2. Datasets

We set up a simulated field in the Department
e set up a simulated field in the Department of
Information Center, Chung Shan Medical University
Hospital, and then shot all the simulated actions. All
the shoots were focused on the hand. A complete
action consists of 25 continuous images. Meanwhile,
we used MediaPipe to draw a skeleton picture of
the hand and collected the corresponding 21 key
points of the hand. Therefore, we have two types of
datasets—a dataset of RGB images of the hand and
their corresponding 21 key points.

For better performance, the collected data will
be pre-processed. The original image size of 300 x
300 was reduced to a size of 64 x 64 for efficiency.

The RGB images were transformed into grayscale
images for lowering background noise.

Finally, the dataset consists of four types of
actions—click, left-swipe, right-swipe, and quit;
each action has 25 continuous images and was shot
from 550 different angles; and therefore a total of
55,000 images were shot. The dataset for four types
of actions are shown in Fig. 4.

3.3. Discussion on efficiency improvement on the
frontend

Since the aim of the frontend is for data capture
and transmission, the size of data will affect
the transmission rate. For the original 3DCNN-
ConvLSTM model [6], we need to send to the
backend 25 continuous images as a package. For our
proposed dual-stream model, MediaPipe technology
was considered, and hence we send to the backend
only their corresponding 21 key points as a package,
which is a much smaller data size. Figure 5 shows
that the file size is reduced from 4.7 MB to 32 KB, a
ratio of 146 plus, thereby significantly lowering the
transmission time.

3.4. Discussion on accuracy improvement on the
backend
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Fig. 5. Comparison of capacities required for each package transmission: (a) hand image and (b) its corresponding 21 key points.
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Fig. 6. Test accuracy rate 97.5% for the 3DCNN-ConvLSTM+LSTM model.

Initially, we used the original 3DCNN-ConvLSTM
model [6] for training. The dataset was composed of
4 actions. Each action was shot 550 sets of images
from different angles and each set had 25 continuous
images. Each image was reduced from a size of 300
x 300 to a size of 64 x 64, and transformed from an
RGB image to a grayscale image for lowering the
background noise. Totally, 55,000 images were used.
The experimental results show that the test accuracy
of the combined model is only 57.5%.

Since grayscale images still cannot effectively
reduce the background noise in the image, instead
we used MediaPipe technology to capture 21 key
points of the hand in the image. Based on the 21 key
points of each image, we drawn its corresponding
skeleton picture on the black-white image of the
same size and then saved the black-white image as
one of our new dataset. The 3DCNN-ConvLSTM
model performed on the reconstructed dataset, the
experimental results show that the test accuracy of
the combined model is up to 95%.

In order to take advantage of the original 21
key points, we propose a dual-stream model for
deep learning, called 3DCNN-ConvLSTM+LSTM,
which combines in parallel two streams or integrated
models—the 3DCNN-ConvLSTM model and the
LSTM model. The first model is performed the
same way as mentioned above; its input data are the
skeleton images reconstructed from the 21 key points.
The input data of the second model are from the 21
key points. Two models can capture different features.
Through multi-layer fusion technology, two kinds
of features are merged together. The experimental
results show that the test accuracy of our proposed
model, the 3DCNN-ConvLSTM+LSTM model, is up
to 97.5%, as shown in Fig. 6.

In addition, our proposed dual-stream model
needs only fewer training epochs to achieve the same
accuracy as that of the 3DCNN-ConvLSTM model,
thereby greatly reducing the training time. Figure
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Fig. 7. Learning convergence curves during training and
validation for our proposed 3DCNN-ConvLSTM+LSTM
model.

7 shows the learning convergence curves during
training and validation.

4. Conclusions

In the paper, we constructed a dual-stream
model, abbreviated as 3DCNN-ConvLSTM+LSTM,
which features two stream models: the first-stream
model is a series model of one 3DCNN model
and three ConvLSTM models, abbreviated as
the 3DCNN-ConvLSTM model, and the second-
stream model is also a series model of three LSTM
models, abbreviated as the LSTM model; the two
series models were integrated in parallel together;
finally, the proposed model is called 3DCNN-
ConvLSTM+LSTM.

Initially, for improving transmission efficiency and
lowering background noise, we introduced MediaPipe
technology to capture the 21 key points of the hand
in the original images, and used reconstructed black-
white skeleton images to train the single-stream model
3DCNN-ConvLSTM. Experimental results show that
the accuracy of the 3DCNN-ConvLSTM model is
95%, much higher than 57.5%, which was obtained
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by performing the original 3DCNN-ConvLSTM
model on the grayscale images transformed from the
original RGB images.

In the end, for better performance, the original
21 key points were input to train and hence we
introduced another model for sequential data, called
the LSTM model. Therefore, a dual-stream model
was established. The 3DCNN-ConvLSTM model
is for reconstructed images of the original 21 key
points, and the LSTM model is for the corresponding
21 key points. Experimental results show that the
dual-stream model 3DCNN-ConvLSTM+LSTM is
not only produces a higher accuracy of 97.5%, and
it also gives a quicker and smoother convergence
than the single stream model 3DCNN-ConvLSTM.
In addition, the dual-stream model has raised the
transmission rate by 146 times plus.

In the development process, we divided the
frontend and the backend, as well as modularized
various functions, thereby improving the overall
flexibility of the system and making it easier to apply
to future development.

At present, the work used 21 key points of the
hand in the frontend to calculate the relative position
of the hand and developed the virtual mouse control.
In the future, we will make good use of similar
principles to develop more practical functions to
improve the overall service quality.
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